The spatial distribution of soil moisture defines preferential flow paths in the unsaturated zone. Hence, three dimensional (3D) estimates of soil moisture are of great importance to understand transport of contaminants as well as remediation processes in the unsaturated zone. In this study 3D estimates conditioned on spatially frequent observations of soil moisture, have been obtained by kriging. The observations were divided into subdomains consistent with the local stratigraphy, and directional semivariogram analysis was applied. It was found difficult to clearly identify a 3D semivariogram function in this case, but from a georadar survey two semivariogram functions were derived, describing two different sedimentological units. By conditioning the estimates of soil moisture on the sedimentological architecture computed by indicator kriging, morc accurate estimates were achieved. These improvements were quantified by a 'jackknife' cross validation procedure. Besides the practical aspects of finding, the most important flow paths, estimates of soil moisture are valuable when validating unsaturated flow models.
Introduction
The spatial distribution of soil moisture is a key factor in understanding transport problems in the unsaturated zone including geochemical and biological reactions. The main purpose of this study was to elaborate high resolution images of three dimensional (3D) distributions of soil moisture. The requested resolution was 0.5x0.5x0.1 m in x-, yand z-directions. This volume is compatible to the influential volume of conventional equipment for soil moisture measurements. The glaciofluvi-a1 deposits in the area of interest, are quite heterogeneous which of course affects the pattern of soil moisture content. Thus, to obtain an adequate spatial distribution of the soil moisture content, numerous observations were necessary. Due to the importance of the variable and the considerable costs of data harvest, efforts are made to extract maximum information from all the available data. Improvements can be achieved by (at least) two avenues which mutually complement each other: i) computation of moisture content by solving the unsaturated flow problem, or ii) combining conditional interpolation of the under-sampled variable with another correlated variable acquired at lower costs. Usually i) is achieved by numerical solution of Richards' equation (Richards 193 1) .
Numerous successful attempts have been made along avenue ii) by application of powerful tools in geostatistics. The most rigorous method is cokriging (Journel and Huijbregts 1989) , but other less formal methods as ordinary kriging combined with linear regression have also been proved to be successful (Ahmed and de Marsily 1987) . All these methods however, depend on significant cross-correlations between the under-sampled function and the auxiliary function. A slight extension of this approach is to include geophysical prospecting methods to acquire the auxiliary function. Promising results are reported on combining transmissivity with electrical resistivity (Ahmed er al. 1988 ; Bardossy et al. 1986) , and estimation of reservoir porosities by including transit times derived from reflection seismics (Doyen 1988) . Successful attempts are also made in soil science by combining soil moisture content with other related data (Vauclin et al. 1983; Yates and Warrick 1987) . These studies generally estimate average parameters over greater volumes compared to the requested volume in our study.
In the present paper data from Ground Penetrating Radar (GPR) are evaluated as an auxiliary function for interpolation of soil moisture. The physical relation between the dielectric constant and the content of water in the transmitted media, should in principle give good accordance between the GPR-signals and direct measurements of soil moisture (Ulriksen 1982) . But even though the physical relation between GPR signals and soil moisture is obvious, it is hard to find any significant cross-correlation between the GPR-data and the soil moisture observations. The main reason is a lack of knowledge in the precise relation between the propagation velocities of the electromagnetic (EM) waves and the soil moisture content in the sediment. These difficulties increase with increasing spatial resolution. Due to the cross-correlation problem, the GPR-data cannot be used directly as an auxiliary function for cokriging soil moisture data. However, the GPR-data can be utilized for estimating the most probable hydrostratigraphical architecture by application of indicator kriging (Langsholt et al. in press) . As outlined below, the combination of the hydrostratigraphical architecture and neutron scattering counts, calibrated to gravimetric moisture content, led to improved estimates of soil moisture content compared to the estimates from ordinary kriging.
Numerical solutions of unsaturated flow equations and conditional estimates of continuous soil moisture fields are basically different and independent approaches to obtain the same variable, thus conditional interpolation of soil nloisture represents an excellent way to validate simulation results from numerical flow models. This validation approach however, relies on an interpolation method that is able to include the geological structures that condition the flow path. The purpose of this paper is to demonstrate one possible way to improve the estimation of soil moisture by including the sedimentological architecture in the kriging procedure. The improvements are quantified by a 'jackknife' cross-validation procedure, where the data series from one observation tube are left out at each validation step.
Data and Method
In this study the method for interpolation is mainly determined by the available data, their structures and cross-correlations. It is therefore convenient to present the data and the method in parallel. But first of all, some background information:
Geological Setting
The Moreppen research site is located close to the new main airport of Oslo, under construction at Gardermoen, 45 km north of Oslo (Fig.1) . The area is part of a marine ice-contact delta system of Quaternary age. The Moreppen site is established on the distal side of the delta with topset units of gravelly sandy sediments, and dipping foreset beds of pebblerich medium and coarse sand. The topset sediments extend from the surface down to 2-3 m, and the underlying foreset units extend below the groundwater table. The foreset units have dip directions from the northwest to the southwest. The varying dip directions are explained by delta lobes or channel mouth bars with radiating slopes (Tuttle and Aagaard 1994) . For a thorough sedimentological and geomorphological analysis of the Romerike delta system, see Tuttle (1 990); Tuttle and Aagaard (1 994).
Soil Moisture Observations
Within an area of 100x100 m, 22 observation tubes for neutron scattering were installed, each with a length of 6 m. The mean groundwater level in the area is around 4 m below the surface. In order to reveal the small scale variability of the soil moisture, observation tubes were located close to each other in an area of 10x15 m (Fig.  1) . These observation tubes have been frequently observed within a period of two years. One interesting result is that the relative distribution of the :;oil moisture does not vary very much in time especially not in the foreset units ( Fig. :2) . The main variations are a parallel shift towards dryer or wetter condition and a fluctuation of the groundwater table. The sample correlation coefficient between different events at utm-N 6.680.000 ,'I Oslo airport 
Experimental Field Calibration
Measuring the soil moisture content by the neutron scattering method is well proved and documented (IAEA 1970). However, a calibration is necessary because the thermalization of the high energetic neutrons depends not only on the presence of hydro-gen atoms, but also on factors as dry bulk density of the sediment, chemical composition of the soil water, precision of the neutron gauge, as well as the diameter of the observation tube and the thickness of the tube wall. In this study the total measurement uncertainty a , , was estimated to be 0.5-0.9% vol H 2 0 (Langsholt 1993) . This uncertainty has to be taken into account either in the interpolation procedure as a nugget effect, or in the interpretation of the estimated soil moisture field. As shown below, the maximum calibration uncertainty is about one third that of the largest kriging estimation enor.
Semivariogram Analysis
Statistical significant inferences about the most important kriging parameters; range, nugget and sill, require more observations and higher spatial resolution of the data, especially in the liorizontal plane. Thus, in this case we derived the kriging parame- ters from the GPR data by visual inspection. The semivariogram analysis will in this context only indicate coherence or discrepancy with respect to the qualitatively derived parameters. The entire GPR-data set are published in NGlJ 1992, and examples in colour are given by Wong (1995) ; Kitterod (1997); two GPR-profiles can also be seen at the web page: http://webben.nve.no/hydrologi/markvann.htm. Some structural elements are possible to point out from the soil moisture observations directly ( Fig. 3 ): There is an obvious anisotropy in the data set, the horizontal range is longer than the vertical range, and the average horizontal sill is lower than the vertical sill. The experimental semivariogram analyses are thus divided into two steps, one horizontal (Fig. 4a ), and one vertical (Fig. 4b) . The sample variance for the entire data set was 8.45 (%vol H~o )~, and this value was adapted as the sill value. However, the majority of horizontal experimental semivariol;rams have sill values less than 8.45 (%vol ~~0 )~ ( Fig. 4a ), but the only influence of applying a too large sill, is that the kriging error will be overestimated. The question of range has greater impact on the estimates because the range decides the influence of distant observations relative to more adjacent observations. According to the horizontal semivariogram ( Fig. 4a) , it is not possible to infer any distinct range. However, by visual inspection of the data (Fig. 3 ) and the GPR-data, we can easily deduce a horizontal range of more than 10 m. In the vertical plane, on the other hand, a variance of 8.45 (%vol H2012 is reached already at distances smaller than 20 cm in (Fig. 4b) , thus an anisotropy of 1: 100 (vertical to horizontal) is not unlikely.
The soil moisture observations indicate furthermore a structure corresponding to horizontal delta topset layers and dipping delta foreset layers. Note the sudden increase of soil moisture at 2.5 m depth in the tubes located parallel to the strike of the dipping foreset layers (Fig. 3b) . A corresponding increase at the tubes located perpendicular to the strike can not be recognized (Fig. 3a) . The same pattern can be observed when soil moisture is plotted at different times during an infiltration event (Fig. 2) . The direction of the range axis was derived directly from the GPR-data (NGU 1992) . Within the area of interest the foreset strike is N1 8OE, and the dips are found to vary between -12" and -16.5" with an mean of -14.3O.
The conclusion till now is that even though no distinct semivariogram structure can be derived directly from the soil moisture observations, we have no clear indication that contradicts the qualitatively deduced kriging parameters. Thus, in the cross validation procedure three different semivariogram models were evaluated. Before interpolation, the data set were transformed into a horizontal isotropic space. The vertical co-ordinates of the topset units were simply multiplied by 100, while the foreset units were first rotated according to the mean dip and then made isotropic.
For For all the three alternatives, the range was set equal to 10 m. The interpolation was made in the isotropic space, and afterwards transformed back to the original do-main, i.e. rotated and made anisotropic. Alternative iii) was applied on the logarithmic data set; Y=log,(O).
As indicated in the experimental semivariogram analysis (Fig. 4) , a constant nugget value may very well be applied. The measurements are, however, of very high quality, and we therefore want the estimated field to fit the observations as well as possible, thus the nugget value is kept at a minimum. In the final interpretation of the estimated soil moisture field, the calibration uncertainty has to be added, i.e. the total estimation uncertainty is the sum of the kriging estimation error ak, and the calibration uncertainty expressed as the standard deviation a,.
Ground Penetrating Radar (GPR)
The advancing GPR technology has been used to characterize geological structures and inhomogeneities (Beres and Haeni 199 1; Smith 1991 : Grasmiick 1992; Smith and Jol 1992; Kung and Lu 1993; Gawthorpe et al. 1993; Huggenberger et al. 1994) as well as processes in the unsaturated-and saturated zone (Vellidis et al. 1990; Kung and Donohue 1991; Doolittle et al. 1992; Arcone et (21. 1992; . The transmitted electromagnetic (EM) waves are sensitive to changes in the relative dielectric constant (also called relative permittivity factor or capacitance). The single most important variable that determines the magnitude of the relative dielectric constant is water, hence EM waves are well suited for detecting relative changes in soil moisture content (Ulriksen 1982) . Data from a GPR survey (NGU 1992) in the Moreppen area reveal semiparallel horizontal delta topset beds and dipping foresets corresponding to what was found by Pedersen (1994) . In this study attempts have been made to extend the qualitative analysis of the GPR-data into a more quantitative way in order to improve the spatial estimation of soil moisture. Two different approaches are possible; a direct one through cokriging and an indirect by indicator kriging. Suitable use of cokriging however, re:lies on significant cross-correlations between the GPR-signals and the soil moisture content. Attempts to find physically based cross-correlations are outlined in the following
Cross-Correlation of GPR-Signals and Soil Moisture 0bservat:ions
The character of the GPR-signal and the thermalization of high energy neutrons are physically quite different. Hence, to obtain consistent data series, proper signal processing is required. Due to the good mapping abilities of the GPR-technology, significant cross-correlations would be of great value. Crucial for such co~~elations however, are proper velocity space functions of the transmitted EM-wave. From conventional velocity spectra analysis ('Common-depth-point shooting', Dobrin 1976), velocities of 0.12-. 13 m/ns were estimated (NGU 1992) . This is equivalent to a reflector at approximately 70 ns two way traveltime (TWT), that corresponds to the groundwater Fig. 5 . Ground Penetrating Radar (GPR) signals versus soil moisture observations. Four GPR-traces in the neighbourhood of N10 (Fig. 1) were compared to the derivative of soil moisture observations (d0ldz). To filter away 'spatial' noise, a mean of the four traces was taken. Signal to noise ratio was minimized by 64 fold stacking of the traces (NGU 1992) . Since the neutron scattering method generally has greater influential volume than the GPR-signal, a moving average of the mean GPR-trace was correlated with d0idz. The moving window was 35 cm wide. A proper velocity function of the transmitted electromagnetic waves will probably improve the poor sample correlation coefficient (r=0.07).
(~14-w/8) in the GPR-signals. Since most of the reflected energy comes from the 2 first Fresnel zone; r/-(wro+w 14)"~ (Ulriksen 1982) , where ro is the radius from the source to the reflectors, we assume a maximum horizontal resolution of rf/2, giving rj,/2=35 cm for ro=0.6 m and rf/2=85 cm for ro=4.4 m. The radii of importance in neutronmetric scattering varies between 30 cm and 50 cm depending on the water content (IAEA 1970, p62), hence the two methods do not describe exactly the same volume and the sizes of the volumes probably change independently of each other.
In the cross-correlation analysis we assumed the vertical resolution of the GPR-signal to be 1.3-7.5 times higher than the neutron scattering resolution. Therefore a moving average of a spatial mean of the four nearest GPR-signals was correlated to soil moisture. Because the GPR-signals is sensitive to changes in %water content, the derivative of the soil moisture content was correlated to the GPR-signal, i.e. Az=(O(zi+I)-O(zi))/(zi+I-zi) where Bi is the observed soil moisture at depth zi. Despite of these efforts, no correlation could be established (Fig. 5) . Yates and Warrick (1987) found that if the sample correlation was less than 0.3, the mean square error in cokriging increased compared to ordinary kriging. They concluded that cokriging was not worthwhile unless the sample correlation exceeded 0.5. In our opinion, there are structural relations between the GPR-signal and the soil moisture, but to achieve significant sample correlations greater than 0 3 , more advanced signal processing has to be carried out. Especially more accurate velocity relations are necessary in order to obtain reliable depth migration of the data. At this stage, cokriging soil moisture with GPR-data cannot be justified. There is, however, another promising way to extract the huge arnount of information embedded in the GPR-data, namely through indicator kriging (Journel 1983) . By using this method, we are able to estimate the structural architecture of the deposit. This information is later used to compute the spatial soil moisture distribution. The optimal semivariogram model is chosen through a cross~validation procedure.
dO/dz=AO/
Since application of indicator kriging on GPR-data is quite new, this approach will be briefly outlined below. For more details see Langsholt ei! al. (in press.) or Kittererd (I 997).
Indicator Kriging
Consider a simplified GPR-signal sampled in position x, where x denotes the spatial co-ordinates x,,x2,x3. Each GPR sample is sorted into s classes, corresponding to identified stratigraphical units. In this case two units are identified in the top set beds, and two units in the foreset beds, i.e. s=1,2,3,4. Let the classified signal s(x) be a realization of the stochastic field S(x), then in every point of observation xj, an indicator transformation can be defined Following the traditional geostatistical approach, the indicator function i(xls), can be estimated for each class s=1,2,3 and 4 in position xo, as a weighted sum of the 'observed' indicators i(xjls). ,2,...,p. In this case p is equal to 4, and two different linear semivariogram models were used depending on the strike and dip of s. Estimation of an indicator function may be considered as a conditional probability (Journel 1983) According to this the most probable class in the point of estimation xo can be written Langsholt et al. (in press) developed an automatic procedure for reflector identification that procure s(xj). Based on the existing GPR-data, the most probable architecture was estimated within the area of interest, i.e. for each point xo where we want to estimate the soil moisture content, s*(xo) is available (Fig.6) .
Nils-Otto

Jackknife Cross-Validation
A common practice in cross-validation is to leave out one single observation consecutively, and the missing value is estimated by conditioning on the surrounding observation data. In this study we left out soil moisture measurements from one complete observation tube for each validation step. We call this prclcedure 'jackknife' cross-validation in this paper, to emphasize that the whole observation series is left out. The objective is to validate the semivariogram model and to evaluate the impact of including the architecture in the estimation procedure. Three rnodels were evaluated: Firstly the architecture was neglected by simply applying the horizontal semivariogram model for the whole section. Secondly, the architecture was included by application of the horizontal semivariogram model for the topset beds (s=l or 2), and for the interval below the groundwater table. In the foreset beds (s=3 or 4), a tilted semivariogram model was applied. Two different dips were evaluated; -8' that was used by Langsholt et al. (in press) and -1 4.3" which is the mean dip in the area of interest derived from the GPR-data. The same semivariogram models were also applied on the logarithmic transformed data. The estimate at point xo where the architecture s is known, can be written where the weights X(xols) are derived from the ordinary kriging equations (Journel and Huijbregts 1989) for i=1,2..,n where n is number of points within a neighbourhood defined by a searching ellipsoid with main axis corresponding to the range a=( 10, 10,O.l) m, and tilted consistently to s. The semivariogram model for subset s is denoted y, , and the different models evaluated are given in Eq. (1). The estimation variance corresponding to Eq. (7) is written where the weights X and the Lagrangian multiplier p are given directly by Eq. (8). From this cross-validation the following can be summed up: i) Generally the estimates are improved by including the sedimentological architecture. ii) It is not possible to distinguish between a dip of -8" and -1 4.3", but a dip value that coincides as closely as possible to the GPR-data should be preferred in our opinion. iii) The log,-transformed data oscillate slightly around the non-transformed estimates, especially the largest values have a tendency to be amplified. iv) Without any nugget value in the semivariogram model, as much as 25% of the cross validated estimates deviate more than three times ok from the observations. Most of these points are within the foreset beds where the greatest variability is observed. A nugget value will smooth out the most extreme estimates and reduce the number of significant deviations. The cross-validations at tube N34 illustrate clearly that conditioning on strike and dip improve the estimates (Fig. 7) .
Results and Discussion
GPR-signal were evaluated as an auxiliary function for cokriging soil moisture observed by the neutron scattering method. In this study the sample correlation between the GPR-data and the soil moisture could not justify cokriging. The main reason for the poor correlation is a lack of realistic velocities of the transmitted EM waves. The constant velocity that we applied, corresponding to the average velocity from the surface to the groundwater table, oversimplified the problem. Since the propagation velocities vary as a function of the water content in the soil, estimation of velocity space-functions is an iterative process. The estimates of soil moisture depend on the applied velocity function on one hand, but the EM-velocities can on the other hand, be improved by more precise soil moisture estimates. Such iterative procedures are beyond the scope of this article, but could be a worthwhile objective for further analysis. In this context, however, it is important to consi.der the requested resolution. As a general guideline, the estimation resolution cannot be better than the measurement resolution. In this case the requested resolution (0.5x0.5xO.l) m is quite ambitious. Even though the influential volume of the neutron scattering method depends heavily on the soil moisture content (IAEA 1970, p62) , the volume of importance for soil moisture >lO%vol H 2 0 is compatible with the requested estimation volume. The exact volume of importance for the individual CiPR-signal is hard to quantify. It depends on wavelength of the transmitted EM-wave and the distance to the reflection target. Hence, the volume of importance for the GPR-signal and the neutron scattering method are not exactly the same. These difficulties may be relaxed by an increase of the estimation volume. A suggestion for further studies is to correlate the average power of the GPR-traces with integrated volumes of soil moisture. It is easier to estimate an average quantity in a large volume than a large number of points within the same volume.
The evaluation of the alternative interpolation procedure can 11e summed up by the following results: A total volume of 1 3 x 1 3~4 m was estimat'ed with requested resolution (totally 29,889 single estimation values). The estimates were conditioned on 574 single observations of soil moisture (Fig. I) , i.e. less than 2% of the total estimation volume were covered by conditioning data. The practical estimation procedure consists of: Nils-Otto Kittercjd et al.
i) Data outside the searching neighbourhood were filtered out for each estimation point xo. ii) Based on the distance to the data within the neighbourhood of xo, kriging weights were derived according to Eq. (8). iii) Estimates and estimation variance were obtained according to Eqs. (7) and (9) The cross-validation procedure does not distinguish clearly between the different alternatives that include the stratigraphical information, hence three different alternatives were elaborated for the whole field: a) y(h)=8.45hla, b) y(h)=1+7.45hla, and for log,-transformed data c) y(h)=O.Ol7hla for topset beds and y(h)=O.O6Na for foreset beds. All models were tilted -14.3" in N288"E direction for the foreset beds, consistent with the GPR-data and core sample analyses. A common feature in these alternatives is non-physical low and high estimates in a few positions. For the nontransformed alternatives (a and b), slightly negative kriging weights may result in too low estimates in some positions. For the log,-transformed alternative c) the opposite is the case, in some positions too high values are obtained. Negative kriging weights are due to the unbiased condition XJC,XJ=l. This is sometimes referred to as a drawback of the method (the problem of 'evil weights'), because non-physical estimates may be produced. Negative weights, however, are not a disadvantage of the method, rather the contrary, especially when smooth potential surfaces are the estimation purpose. The negative weights are always associated with individual weights greater than 1 , hence max. and min. estimates do not necessarily coincide with the observations. In this way the estimated surface will appear smoother than the observations. On the other hand, if non-physical estimates are produced these have to be avoided. One interesting way is to introduce qualified guesses on model parameters. This approach is formalised in the 'Bayesian Kriging' method (Omre 1987; Omre and Halvorsen 1989) . A different alternative is 'soft kriging' where constraints in the estimates are introduced (Journel 1986 ). The simplest way, however, is to add a nugget value. The nugget will automatically smooth the estimates, but at the cost of exact reproduction of the observed data. Another way is to reduce the variance in the observations by introducing a transformation.
In our case the problems are by no means dramatic. Observed max and min values are 29.5%vol H 2 0 and 3.9%vol H 2 0 respectively. Soil moisture values below 3%vol H 2 0 are considered to be non-physical, but since the maximum kriging estimation error in this case is 2.5%vol H 2 0 ( Fig. 9) , estimates below 3.0%vol H 2 0 are nugget = 1 3.0 29 8 Fig. 8 . Kriging estimates of soil moisture at Morcppcn. The kriging estimates arc computed according to the semivariogram model ii) with a nugget co=l in the foresct units. The horizontal plane intersecting the vertical cross sections at 3.0 m below the surface, illustrates the complex connectivity of areas with high and low soil moisture content in the foresct units. The dipping structures below 2 m rcllcct thc geometry of the foreset units (Fig. 6 ) . Below the groundwater table at 3.7 m, the water content (25-29.8s) corresponds to the variability of porosities in that part of the formation. Visualization was made by AVS (1993) utilities.
expected from a statistical point of view. In estimation alternative b) this is obtained for 90 positions, i.e. for less than 0.3% of the estimation volume ( Fig. 8) , while in estimation alternative a) this number increases to 1.2%. For both alternatives, estimation values below this limit were simply set equal to 3 . 0 8~0 1 H20. Maximum estimation value in alternative a) 31.4%vol H20, is slightly higher than forb). The nugget value explains this difference. For the log,-transformed data, the lowest estimate produced was 3.07cvol H20, but 43 points were above 3 1.47cvol H 2 0 i.e. 0.14% of the total estimation volume were considered to be non-physically high. Estimates above this limit were set equal to 3 I .4%vol H20. Apart from the extreme estimation values, there is hardly any difference between the three alternatives. The semivariogram model in Eq. ( I ) with the associated parameters may seem to be an arbitrary choice, especially a range a = 10 m and a nugget co = 0. One may advocate, with reference to Fig. 4 , that a proper choice for the range is a = 0 m. In that case the optimal estimate for all positions will be simply the arithmetic mean of all the soil moisture observations. However. by the cross-validation exercise we have demonstrated that it is possible to obtain better estimates than the simple arithmetic mean. An increase of range from a = 0 m, would gradually increase the influence of the closest observations.
Conclusions
The Ground Penetrating Radar (GPR) signals could not be used as auxiliary functions for cokriging soil moisture in this study. The reason why no significant correlation was found is due to: i) A lack of proper velocity function of the electromagnetic waves in the transmitted soil. ii) The volume of importance for measurement resolution for the GPR-signals is not compatible with the influential volume of the neutron scattering method. iii) The requested estimation resolution is probably smaller than the GPR-signals. especially those signals that came from reflector below -1 m.
In spite of this negative conclusion, we have demonstrated another possible way to improve estimation of soil moisture by including the sedimerctological architecture in the conditional interpolation procedure. The architecture was obtained by a separate indicator kriging step. A 'jackknife' cross-validation procedure indicates that the estimates are improved by conditioning on the sedimentological architecture. More important however, is that a tilted model for the foreset beds produces dipping structures that correspond to what is mapped by GPR (NGU 1992) and detected in core samples (Pedersen 1994) . The kriging method discussed in this paper can take the most important geological information into account in an objective way. In this study the essential information was the sedimentological architecture, i.e. the stratigraphic sequence together with strike and dip for each unit. In addition to unbiased estimates, kriging yields conditional estimation uncertainty at every point of interest. Based on the available data, the presented kriging proceciure gives the most probable three-dimensional distribution of soil moisture within the estimation volume.
